An animal's energetic costs are dependent on the amount of time it allocates to various behavioral activities. For Arctic pinnipeds, the time allocated to active and resting behaviors could change with future reductions in sea ice cover and longer periods of open water. The Pacific walrus (Odobenus rosmarus divergens) is a large Arctic pinniped that rests on sea ice or land between foraging trips to feed on the seafloor. We used behavioral data collected from radiotagged walruses in the Chukchi Sea (2008)(2009)(2010)(2011)(2012)(2013)(2014) in a Bayesian generalized linear mixed effects model to estimate the probability a walrus was in water foraging, in water not foraging, or hauled out, as a function of environmental covariates. The probability of a walrus being in water increased with wind speed and decreased with air temperature, and the probability a walrus was foraging, given it was in water, increased with available benthic macrofaunal biomass. The probability of each behavior was also related to the nature and availability of haul-out substrates. The amount of time walruses spent in water foraging and hauled out was greatest when only sea ice was available, which typically occurs when walruses occupy feeding areas during summer and early autumn. This situation may be most energy efficient for walruses because it allows the highest proportion of in water energy expenditure to be allocated to foraging. Conversely, the amount of time walruses spent in water foraging and hauled out was lowest when only land was available, which typically occurs in late autumn, in years when walruses were constrained to land haul-outs because sea ice was absent over the continental shelf.
Sea ice provides an offshore haul-out substrate for ice-dependent pinnipeds to breed, give birth, and rest (Fay 1974; Moore and Huntington 2008) . Pacific walruses (Odobenus rosmarus divergens) haul out to rest between foraging trips. Most adult male walruses haul out onto sea ice during winter and spring and on land during summer and autumn; however, most female and young walruses haul out onto sea ice year-round (Fay 1982) . Sea ice allows walruses to forage on the seafloor over large areas of the continental shelf while simultaneously having access to a nearby substrate for hauling out. This juxtaposition of foraging grounds and haul-out substrate could be affected by changes in the distribution of sea ice and thereby increase walrus energy expenditures (Jay et al. 2011) . The recent rapid loss of summer sea ice in the Arctic (Stroeve et al. 2012 ) foreshadows a nearly sea ice-free summer that is expected to occur in the Arctic within the first half of this century (Overland and Wang 2013) . Understanding how availability of sea ice can affect energetic demands of walruses (Noren et al. 2012 (Noren et al. , 2014 would be useful for assessing demographic responses of walruses to future sea ice conditions.
In 7 of the last 9 years (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) , the sea ice disappeared from over the continental shelf of the eastern Chukchi Sea during autumn. The lack of sea ice over the continental shelf caused walruses to haul out on the northwestern coast of Alaska in large numbers and forage in nearshore areas where walrus prey occurs in low densities . Large numbers of walruses foraging near land haul-outs could deplete nearshore prey, and thus lead walruses to either move to other land haulout sites or spend more time searching for prey.
Greater searching efforts by foraging walruses would likely lead to greater individual daily energetic demands. A mammal's metabolizable energy is either stored (somatic and reproductive growth) or respired. Respired energy is used for basal metabolism, digestion, thermoregulation, and activity (Costa and Williams 1999) . Therefore, energy used for foraging activities (swimming and feeding) is not available for growth and endogenous energy reserves (blubber lipid). Udevitz et al. (2009) used data from radiotagged walruses in the Bering Sea in spring to make inferences about the probability of a walrus being hauled out on the ice relative to time of day, weather, year, sex, and whether the walrus had previously been hauled out. The predictive model indicated that walruses spent an average of 17% of their time hauled out and the probability of being hauled out decreased with wind speed, increased with air temperature, and was related to a diurnal cycle. One of the primary purposes of the study was to develop a model for estimating the proportion of the population that was hauled out and available for sighting during a spring aerial survey in the Bering Sea. The analysis did not distinguish between types of behavior during in water periods and did not consider the availability of ice for hauling out because ice was essentially always available.
The amount of time an animal allocates to various activities affects its energetic costs. For example, the energetic cost of a walrus active in water was estimated to be 2.7 times the cost of resting while hauled out (Noren et al. 2012 ). In the Bering Sea, individual walruses spent 70-93% of their time in water (Udevitz et al. 2009 ). Thus, a walrus that spends 93% of its time in water expends 18% more energy than a walrus that spends 70% of its time in water ([2.7 * 0.93 + 1 * 0.07]/[2.7 * 0.70 + 1 * 0.30]). Conceivably, seasonal shifts in activity levels caused by changes in the availability of sea ice for hauling out could affect a female walrus's ability to reproduce or provide adequate nutrition to its offspring. To predict how climate change might affect the energetic requirements of walruses, it is necessary to understand how haul-out and in water activity levels are related to sea ice availability.
The purpose of this study was to assess environmental factors related to walrus activity states, and specifically, to understand how changes in sea ice availability affect walrus activity patterns. We used data from radiotagged walruses in the Chukchi Sea to 1) quantify the proportion of time female walruses spent in 3 activity states: hauled out, in water foraging, and in water but not foraging; 2) quantify factors that might be associated with the activity states, including time of day, air temperature, wind speed, benthic invertebrate biomass, and availability of land and sea ice on which to haul out; and 3) develop a model to estimate the proportion of time a walrus is expected to spend in the 3 activity states relative to the availability of sea ice.
Materials and Methods
Study area.-Our study focused on activity patterns of walruses in the Chukchi Sea, primarily the eastern sector where sufficient benthic prey samples were available for analysis (Fig. 1) . The study area encompassed 187,504 km 2 over the continental shelf and had a mean depth of 44 m (SD = 12 m, max = 136 m). Although most of the study area is covered with ice during winter, areas of open water occur from May or June through November each year.
Tag deployment.-Satellite radiotags (Telonics, Mesa, Arizona) were attached to walruses resting on sea ice and beaches in summer and fall, primarily in the Chukchi Sea ( Fig. 1 ; Table 1 ). We deployed radiotags and processed data as described in Fischbach and Jay (2016) . Each tag was fitted with a barbed head that embedded in the animal's blubber layer on impact. We targeted the walrus's dorsum, midway between the shoulders, for tag placement. Protocols for walrus tagging and associated activities were reviewed and approved by the United States Geological Survey, Alaska Science Center's Institutional Animal Care and Use Committee (assurance plan code: 070504-3) and conducted under United States Fish and Wildlife Service's Division of Management Authority permit numbers MA801652-4 through MA801652-7.
Behavioral data.-We derived chronologies of hourly haulout and foraging states (i.e., whether a walrus was hauled out or in water, and whether a walrus was foraging or not) of tagged walruses from data collected by a conductivity sensor and pressure transducer on the radiotag (Fischbach and Jay 2016) . Every 1 or 2 s (depending on the tag model and deployment year) the conductivity sensor indicated whether the tag was in or out of salt water and the pressure transducer indicated the depth of the tag. If ≥ 90% of the conductivity measurements within a 1-h interval indicated the tag was out of water, the walrus was considered to be hauled out during that interval. If the majority of the pressure measurements within a 1-h interval indicated the tag was > 10 m deep, the walrus was considered to be foraging during that interval.
The tag continuously recorded haul-out and foraging state. To conserve battery life, we programmed the tag to transmit for a period up to only 12 h each day, centered on local noon, and only when the tag was out of water. This transmission schedule, and the battery capacity of the tag, allowed for transmissions to occur for at least 12 weeks. However, the longevity of all deployed tags averaged about 2-7 weeks among deployment years and regions of deployment, with greater longevity obtained from offshore than onshore deployments. To obtain tracking data from walruses during the entire summer-fall period, we attached tags to walruses at various times and locations throughout the study months (June-November- Jay et al. 2012) .
Data from 119 consecutive 1-h behavioral intervals were encoded in each transmission. Thus, the data from any given interval were received if there was at least 1 successful transmission during the 5-day period while the behavioral interval's data were stored onboard the tag. This provided considerable redundancy and allowed for collection of a nearly continuous chronology of behavioral states from each tagged walrus. To exclude data with transmission errors, we retained only data from transmissions that passed an 8-bit cyclical redundancy checksum (Peterson and Brown 1961) and that showed temporal continuity with data from previous and subsequent transmissions.
Location data.-Argos location estimates (Collecte Localisation Satellites 2011) were filtered through the Douglas algorithm (Douglas et al. 2012) , which uses spatial redundancy, movement rates, and angles to select between primary and alternate Argos locations and rejects unreasonable location estimates (see Udevitz et al. 2009 for user-defined filter settings). For analysis, we selected 1 Argos location per day for each walrus so we could associate daily behavioral intervals with the presence or absence of sea ice, which is charted daily based on sensor data collected at approximately local noon (UTC -11 h). We selected a walrus location each day by retaining the location record(s) closest in time to local noon. If more than 1 location were equally close to local noon, we selected the location with the highest Argos location quality (lq), and if they had the same lq, we selected the location obtained before local noon. If locations of equal lq were acquired at the same time before local noon, then we averaged the locations.
For analysis, we only included data collected from adult female walruses. We identified the sex of a tagged walrus from sexually dimorphic features (Fay 1982; Fay and Kelly 1989) , the close attendance of a calf in the case of an adult female, or genetic determination from remotely collected biopsies (Fischbach et al. 2008) .
We excluded behavioral intervals obtained within the first 24 h after tag deployment to guard against the possibility that the tagging process altered behavior during this period. We only included data from walruses that provided ≥ 240 h of continuous hourly records that were not missing 2 or more consecutive daily locations.
Haul-out substrates: sea ice and land.-We assigned each day of walrus behavior as having land available if the daily location was within a day's reach of land. We defined a day's reach as the maximum distance an average walrus was likely to travel in a day and quantified it as the 95th percentile of the distribution of movements from each daily location to the next for each walrus in the data set, averaged over individuals. From this, a day's reach was found to be 50 km. We likewise assigned each day of walrus behavior as having sea ice available if the daily location was within a day's reach of sea ice (i.e., 50 km). We assessed the presence of ice within a day's reach using the National Ice Center's daily Marginal Ice Zone product (http://www.natice.noaa.gov/products/, accessed on 5 December 2014). The Marginal Ice Zone represents regions of pack and marginal sea ice as digitally encoded geospatial polygons based on imagery from satellite-borne sensors acquired near local noon each day. Marginal ice is defined as areas with approximately 10-80% ice concentration, whereas pack ice is defined as areas with > 80% ice concentration.
Food resources: benthic macrofaunal biomass.-In addition to sea ice and land availability covariates, we included a covariate in our models to quantify the amount of potential walrus prey within a day's reach of daily walrus locations. To develop an index of walrus prey within the study area, we first amalgamated empirical benthic infaunal samples from georeferenced stations within the study area from concurrent projects (Grebmeier 2012; Blanchard et al. 2013; Dunton et al. 2014) . Details of estimating the distribution of benthic macrofaunal biomass are described in Beatty et al. (2016: Appendix A) . Specifically, benthic macrofauna were collected with either a single or double 0.1-m 2 van Veen grab from 581 sampling locations distributed throughout the study area from August to September 2008, July to September 2009, July to August 2010, July to October 2011, and July to October 2012. Biological samples were identified to family or lowest feasible taxonomic unit, weighed to obtain wet weight, and converted to carbon dry weight biomass (g C/m 2 -Stoker 1978). Although samples were identified to lower taxonomic units, we used total biomass in our analyses because it provided an overall measure of energy that is potentially available in the form of walrus prey, is correlated with site selection by walruses in the eastern Chukchi Sea (Beatty et al. 2016) , and allowed us to keep our analysis from becoming overly complex. The van Veen grab is not capable of sampling to the full depth of sediment that walruses are capable of feeding and probably underestimates important deep-dwelling prey (Fay et al. 1977; Jay et al. 2014; Beatty et al. 2016 ), but nevertheless, van Veen grab surveys provide the only quantitative measures of broad-scale variation of infaunal species composition and biomass in our study area.
We used universal kriging to develop an interpolated surface of total macrofaunal biomass based on the aforementioned benthic sampling stations. We combined all benthic sampling stations from 2008 to 2012 to generate 1 predicted surface of total biomass. We included water depth (m), a 2nd-order polynomial term for water depth (Jakobsson et al. 2012) , and distance to shore (km) as covariates in our universal kriging model (Beatty et al. 2016) . Variance inflation factors for depth and distance to shore were < 2.0, indicating limited to no collinearity among our predictor variables in the universal kriging model (Kutner et al. 2005) .
We natural-log-transformed total benthic biomass prior to kriging and generated a predictive surface of log total benthic biomass in 500 × 500 m pixels in the study area. Parameter estimates and SEs from the universal kriging model of total biomass indicated distance to coast, depth, and the 2nd-order polynomial depth term were important predictors of biomass. We then assigned each day of walrus behavior the mean value of log total benthic biomass taken over all pixels within a day's reach of the daily location. We used the R (R Core Team 2015) package gstat (Pebesma 2004) to perform all geostatistical computations.
Weather: air temperature and wind speed.-We characterized air temperature and wind speed coincident with behavioral records of walruses based on estimates available through the North American Regional Reanalysis (NARR), which provides weather metric estimates at 3-h intervals on an approximately 32.5 km by 32.5 km grid (Mesinger et al. 2006) . We acquired NARR estimates of air temperature at 2 m above sea level, and wind speed at 10 m above sea level from the National Oceanic and Atmospheric Administration (ftp://ftp.cdc.noaa.gov/ Datasets/NARR/monolevel/, accessed on 11 March 2015). We assigned weather covariates to the 1-h behavioral intervals that began at the NARR time points (local hours [UTC -11 h] of 01:00, 04:00, 07:00, 10:00, 13:00, 16:00, 19:00, 22:00) using an inverse-distance weighted interpolation of the 4 NARR spatial grid points closest to the daily walrus location. We used inverse-distance weighting to interpolate weather variables because NARR data represented a continuous grid. We retained only the 1-h behavioral intervals that were assigned weather covariates. Thus, each walrus day had a maximum of 8 behavioral records. The resulting data set consisted of 1-h behavioral intervals, spaced every 3 h to coincide with wind and temperature covariates estimated at those hours. All behavioral intervals belonging to a single walrus on a single day, however, were assigned the same ice, land, and benthic macrofaunal biomass covariates, which represented whether the walrus was within a day's reach of ice, whether the walrus was within a day's reach of land, and the average amount of macrofaunal biomass within a day's reach.
Analyses.-We used a Bayesian generalized linear mixed effects model to estimate the probability a walrus was hauled out, in water foraging, or in water not foraging, as a function of environmental covariates and the walrus's behavioral state in the previous hour. We included random effects of walrus and time interval to account for repeated measurements on individual walruses and individual time intervals.
Likelihood function.-The joint likelihood function for each walrus behavioral interval was the product of 2 Bernoulli distributions, where Y i,t ~ Bernoulli(p i,t ) and Z i,t |Y i,t = 1 ~ Bernoulli(π i,t ). Y i,t was a binary variable indicating whether (1) or not (0) walrus i was in water during time interval t, and Z i,t was a binary variable used only if the walrus was in water during that time interval. Z i,t indicated whether or not the walrus was foraging, given it was in water.
We used logit links for both Bernoulli probabilities, giv- To speed computation and accelerate convergence, we fit the model as 2 separate analyses, one for probabilities of being in water (p) and one for probabilities of foraging, once in water (π). This was possible because given the data, the likelihood functions for p and π were independent of each other, and priors placed on the parameters from each of these likelihood functions were also independent of each other. We centered each binary or continuous input to have a mean of 0 and scaled each continuous input by dividing by 2 SDs to give a new SD of 0.5 (Gelman et al. 2008) .
Prior and hyperprior distributions.-We used weaklyinformative prior distributions for the intercept and fixed effect parameters: Cauchy (μ = 0, σ = 10) for the intercept and Cauchy (μ = 0, σ = 2.5) for fixed effect parameters (Gelman et al. 2008) . Combined with the data standardization, these priors have a negligible effect on posteriors, except to give finite posterior estimates, even in the presence of complete separation (Gelman et al. 2008) . Thus, these priors support estimation of parameters when a combination of predictors perfectly predicts a single response value. Random effect priors were normal with means of 0, and SDs of σ ω p , σ ω π , , σ τ p or σ τ π , which were specific to the type of random effect. SDs of random effects were assigned noninformative U (1, 10 3 ) hyperpriors (Gelman 2006) . Linear predictors for p and π.-Previous behavioral state (in or out of water), wind speed, air temperature, and time of day have been shown to affect the probability that a walrus is in water (Udevitz et al. 2009 ), thus it was important to include these as candidate predictors in all of our models. Our time of day covariate was specified by the 2-parameter sine function, β π β π To account for additional factors that could influence haul-out or foraging activity, all models also included the following candidate predictors: presence or absence of land within a day's reach of the daily walrus location, presence or absence of ice within a day's reach of the daily walrus location, and the mean log(benthic macrofaunal biomass) within a day's reach. We included an interaction between land and macrofaunal biomass because access to a haul-out substrate might be more important in productive foraging areas where walruses might spend an extended period of time, and we included an interaction between land and previous behavioral state because the duration of behavioral bouts might change with the availability of land on which to haul out. For the same reasons, we included interactions between ice and macrofaunal biomass, and ice and previous behavioral state. Finally, we included an interaction between ice and land because the importance of a haul-out substrate could depend on the presence or absence of a nearby alternative haul-out substrate.
Gibbs variable selection.-We allowed the MCMC algorithm to search the parameter space of all possible models based on combinations of the above variables, with the restriction that if an interaction entered into a model, the corresponding main effects were also required to be in that model. We estimated the posterior probability of each model using Gibbs variable selection (GVS-Dellaportas et al. 2002; Ntzoufras 2002; Udevitz et al. 2009 ), and we selected the highest posterior probability model for p and for π. GVS employs indicator parameters to identify which effects are included in the model during any given iteration of the MCMC algorithm. Furthermore, it requires parameters being tested for inclusion to be assigned pseudoprior distributions (used only when associated covariates are not included in the model), as well as prior distributions (used only when associated covariates are included in the model). Although pseudopriors are mathematically independent of the posteriors, they do affect functioning of the MCMC algorithm, so to promote efficient mixing, we set the pseudopriors to Cauchy (μ = 0, σ = 0.25) distributions; i.e., pseudoprior scale parameters were 1/10th the value of their respective prior scale parameters (Ntzoufras 2002 , respectively. We set each indicator equal to 1 if the corresponding covariate was in the model, and 0 if it was not. Each indicator was given a Bernoulli prior distribution with its hyperparameter set so that each of the 576 models for p had equal prior probabilities, and each of the 576 models for π had equal prior probabilities (Ntzoufras 2002; Udevitz et al. 2009) .
Parameter estimation and model fit.-We estimated posterior parameter distributions from each top model without the hierarchical structure of indicator variables required for model selection. We checked the fit of our best models using posterior predictive densities, which describe the distribution of future response data, generated by the posterior distributions, and then averaged over the posterior parameter values (Gelman et al. 2000; Ntzoufras 2009 ). The future response data needed to form each posterior predictive density was calculated at each iteration of the MCMC algorithm (see "Numerical implementation") as a function of the independent variables associated with each walrus during each time interval in the observed data set.
Results were summarized in terms of marginal distributions for expected behavioral states. To obtain these, at each iteration of the MCMC algorithm, we also calculated the following for each set of covariates of interest: probability of being ) ; probability of being hauled out, 1-p; probability of foraging, pπ; and probability of being in water not foraging, p 1-( ) π . Continuous covariates were held constant at their means while probabilities were calculated for each combination of ice, land, and previous behavioral state. To further summarize these results, we averaged over previous behavioral state by calculating a weighted average of each expected behavioral state (currently foraging, currently hauled out, or currently in water not foraging) over the previous behavioral states (previously foraging, previously hauled out, and previously in water not foraging), where the weights were given by the proportions of the previous behavioral states in the data.
Numerical implementation.-We conducted our analyses using JAGS version 3.4.0 (Plummer 2003) , which we called from the R programming environment version 3.2.1 with the Runjags Package version 2.0.1-4 (Denwood 2016). Model selection (i.e., GVS) was based on 4 independent chains of 45,000 iterations, which were retained subsequent to a burnin period of 5,000 iterations. Parameter selection indicators were initialized so that 2 chains started at the null model, and 2 chains started at the full model. Each set of 2 chains had 1 chain where coefficients of fixed effects and SDs of random effects were initialized at posterior means from a trial run of the saturated model, and 1 chain where coefficients of fixed effects were initialized at 0, and SDs of random effects were initialized at 1. In all cases, initial values for random effects, themselves, were randomly drawn from an N(0,1) distribution.
For model selection, we assessed convergence by examining trace plots for each chain, by verifying that all 4 chains converged to the same top model, and by examining potential scale reduction factors (Brooks and Gelman 1998) . Posterior model probabilities were estimated by combining the 45,000 retained iterations from the 4 chains to give a posterior sample of 180,000 total iterations.
To fit each top model, we used 3 chains of 45,000-90,000 iterations, which were retained subsequent to a burn-in period of 5,000-10,000 iterations. The 1st chain was initialized with coefficients of fixed effects set to 0 and SDs of random effects set to 5, whereas the other 2 chains had coefficients of fixed effects that were as overdispersed as possible without causing numerical overflows, and SDs of random effects set to 1. Initial values for random effects were randomly drawn from an N(0,1) distribution. We assessed convergence by examining trace plots and potential scale reduction factors. Primary parameter posterior distributions and posterior predictive distributions were estimated by combining 45,000 retained iterations from 3 chains to give a posterior sample of 135,000 total iterations. Estimates of walrus behavior under different sets of environmental conditions were estimated by combining 90,000 retained iterations from 3 chains to give a posterior sample of 270,000 total iterations.
results
Our data comprised 47,001 1-h behavioral intervals and 5,990 location-days collected from 216 female walruses between 2 June 2008 and 20 October 2014. Sixty-six percent of all behavioral intervals occurred when the walrus was within a day's reach (50 km) of only sea ice, 5% occurred when both sea ice and land were available, 16% occurred when only land was available, and the remaining 13% occurred when no haul-out substrate was available. Benthic macrofaunal biomass ranged from 1.07 to 3.68 log(g C/m 2 ), air temperature ranged from −11 to 16 °C, and wind speed ranged from 0 to 71 km/h.
The best model for estimating the probability of a walrus being in water (p; Table 2) included the following predictors: time of day, wind, air temperature, previous behavior, ice, land, ice*previous behavior, land*previous behavior, and ice*land. The predictors in the highest posterior probability (pr = 0.33) model were also the only predictors with marginal inclusion probabilities > 0.5. The marginal posterior inclusion probability was 0.54 for temperature, 0.72 for ice*previous behavior, and ≥ 0.99 for the remaining predictors in the set. The probability of a walrus being in water increased with wind speed and decreased with air temperature (Table 2 ). The temporal pattern showed the probability of being in water was highest at 0100 h and lowest at 1300 h.
The best model for estimating the probability of a walrus foraging conditional on being in water (π; Table 3) included the following predictors: previous behavior, ice, land, macrofaunal biomass, ice*land, and land*previous behavior. The set of predictors in the highest posterior probability (pr = 0.35) model were also the only predictors with marginal inclusion probabilities > 0.5. The marginal posterior inclusion probability was 0.67 for ice*land, 0.91 for land*previous behavior, and ≥ 0.99 for the remaining predictors in the set. The probability that a walrus was foraging, given it was in water, increased with macrofaunal biomass (Table 3) . Posterior predictive proportions for groups of observations tracked observed proportions well for both selected models (Fig. 2) .
When a substrate was available for hauling out, the probability of a walrus being in water foraging was highest (0.59) when only ice was available, decreased to 0.52 when both ice and land were available, and decreased again to 0.49 when only land was available (Fig. 3) . The probability of a walrus being hauled out trended in a similar direction (0.28, 0.19, and 0.09) and the probability of a walrus being in water not foraging trended in the opposite direction (0.13, 0.29, and 0.41). When no substrate was available for hauling out (probability of being hauled out = 0.00), the probability of a walrus being in water foraging was 0.67.
discussion
We show that, in the eastern Chukchi Sea during summer and autumn, a female walrus's level of activity in the 3 behavioral states (hauled out, in water foraging, and in water not 
Fig. 2.-Posterior predictive proportions versus observed proportions of behavioral intervals of walruses (Odobenus rosmarus divergens)
A) in the water and B) foraging given that they are in the water. Each point and 95% credibility bar represents a group of behavioral intervals having the same combination of ice, land, previous walrus behavioral state, and high or low benthic macrofaunal biomass as other intervals in the same group. Only groups with ≥ 100 intervals are shown. Perfect fit would be reflected by predicted proportions that exactly match observed proportions and would therefore lie on the 45° line.
foraging) is related to the nature and availability of haul-out substrates. A walrus had a 28% probability of being hauled out when only sea ice was available as a substrate (ice-only category), which is about 10% higher than the probability of a walrus being hauled out in sea ice habitat in April in the Bering Sea (Udevitz et al. 2009 ). Regional and seasonal effects may partly account for this difference. Male Atlantic walruses tagged in Svalbard and monitored for an average of 255 days displayed a marked seasonal pattern in the proportion of time hauled out, which ranged from 10% in winter to 30% in summer (Hamilton et al. 2015) . Similar to walruses in the Bering Sea (Udevitz et al. 2009 ), we found the probability of a walrus being in water increased with wind speed, decreased with air temperature, and was related to a diurnal cycle. Similar relationships have been observed in Atlantic walruses (Hamilton et al. 2015) . Hauling out during warm weather may be a heat-conserving behavior, resulting in relatively high, stable temperatures in the skin and appendages and thereby facilitating growth and regeneration of the skin for molting and healing wounds. Conversely, walruses avoid hauling out in high winds and heavy rain, apparently to remain within their thermal tolerance (Fay and Ray 1968) . The probability of a walrus being in water in our study was highest at 0100 and lowest at 1300 (local time = UTC -11 h), whereas the probability of a walrus being in water in the Bering Sea (April) was highest between 0700 and 1000 and lowest at 1600 (local time). Differences in monthly diurnal patterns of haulout probability have been observed in Atlantic walruses, but the causes of their differences are unclear (Hamilton et al. 2015) . Broader temporal and spatial patterns of diel haul-out behavior are not well understood and are complicated by correlations with daily temperature patterns and seasonal variations in day length (Udevitz et al. 2009 ).
Understanding the relationship between the availability of walrus haul-out substrates and activity budgets of walruses is essential to predict the potential effects of future declines in sea ice on energetic demands on walruses (Noren et al. 2012) . Female and young walruses move from the Bering Sea to the Chukchi Sea as sea ice melts in spring and summer and they return to the Bering Sea as sea ice forms in late autumn and winter (Fay 1982) . In the past decade, walruses were not always able to remain offshore with sea ice in the Chukchi Sea during the entire summer-autumn period as they did in the past, due to extensive retreat of sea ice north of the continental shelf and its absence in the northeastern Chukchi Sea between late August-October in some years . When this occurred, walruses moved to coastal areas where they haul out on land to rest between bouts of foraging. Walruses forage in most areas they occupy, but periods of relatively low levels of foraging have been observed and are suspected to be associated with traveling .
Behavioral intervals associated with times when only sea ice was available to walruses for hauling out (ice-only substrate category) comprised a large portion of intervals (66%) in our data set. These intervals mostly occurred during periods when walruses typically migrate northward with the retreating sea ice (June-July) and occupy offshore feeding areas in the Chukchi Sea (July-August- Jay et al. 2012) . When only sea ice was available as a haul-out substrate, walruses spent the lowest proportion of time in water not foraging compared to other haulout availability categories, which maximized the amount of time they spent foraging and hauled out resting. Behavioral intervals associated with times when both ice and land were available to walruses for hauling out (ice-andland category) comprised a small portion of intervals (5%) in our data set. Most of these intervals occurred during times when walruses typically migrate northward in summer (JuneJuly) and southward in autumn (September-October- Jay et al. 2012) .
Behavioral intervals associated with times when only land was available to walruses for hauling out (land-only category) comprised a modest portion of intervals (16%) in our data set. These intervals primarily occurred during autumn (AugustOctober), when offshore sea ice is often unavailable in the eastern Chukchi Sea . When land was the only available haul-out substrate, walruses spent the highest proportion of time in water not foraging compared to other haul-out substrate categories, which minimized the amount of time they spent foraging and hauled out resting (opposite to the pattern of behavior associated with the ice-only category). When hauled out on land, walruses often forage from a central place and must travel to and from feeding areas between resting bouts on shore .
Behavioral intervals associated with times when neither ice nor land was available to walruses for hauling out (no-ice-orland category) also comprised a modest portion of intervals (13%) in our data set. Similar to the land-only category, these intervals primarily occurred during autumn. Both the land-only and no-ice-or-land haul-out substrate categories may include behavioral intervals related to walruses traveling during their late autumn southward migration from northwestern Alaska to northern Chukotka (Fay 1982; Fay et al. 1984; Jay et al. 2012) .
The significance of differing amounts of time spent hauled out resting by a walrus can be expressed in terms of the animal's energy expenditure. The bioenergetic model for female walruses developed by Noren et al. (2012) used an estimated cost of activity for walruses when they are in water (foraging or not) of 6.0 times Kleiber and an estimated cost of 2.2 times Kleiber for when they are hauled out (Kleiber is a commonly used estimate of a mammal's basal metabolic rate, equivalent to 70 × mass 0.75 kcal/day -Kleiber 1975) . The estimated cost of being in water was based on a study of the field metabolic rate of 2 wild walruses over periods of 5 and 9 days, during which the walruses were estimated to have been hauled out (resting) for 27.2% of the time (Acquarone et al. 2006) . A more accurate estimate of the cost of time in water can be obtained by subtracting energy expenditure during resting (0.272 * 2.2 Kleiber) from the total field metabolism estimated for each walrus (Acquarone et al. 2006) and dividing this by the proportion of time the animal spent in water (1-0.272). This results in an estimated cost of activity in water, averaged over both walruses, of 7.4 times Kleiber.
Applying these costs of activities to our study, total energy demand was lowest, and the proportion of energy used for foraging was highest, when only ice was available (Table 4 ). Total energy demand during periods when no ice or land was available was about 1.25 times the energy demand during periods when only sea ice was available (7.4/6.0 Kleiber; Table 4 ). The higher energy demand when no haul-out substrate was available was accompanied with a slightly higher probability of foraging (0.67 versus 0.59; Fig. 3 ), but the proportion of total energy demand that was used for foraging (4.9/7.4; Table 4) was 7% lower than when ice was available (4.4/6.0; Table 4 ). This was due to the difference in time hauled out between these 2 substrate availability categories (0.00 versus 0.28; Fig. 3 ). The proportion of total energy used for foraging was lowest when only land was available.
Measuring the activity patterns of animals can provide insights into mechanisms by which bioenergetics may influence population-level responses to changes in their environment. Our study provides the first estimates of walrus foraging probabilities. We quantified levels of haul-out and in water activities and demonstrated how energetic costs may be related to the availability of sea ice. During 2 (2008 and 2012) of the last 9 years (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) , enough sea ice was available in autumn for walruses to remain offshore (ice-only haul-out category), which may have been more energetically favorable to walruses than in the intervening years when offshore sea ice disappeared from over the continental shelf in autumn and massive haulouts formed on land (land-only category). Greater reductions in sea ice cover and longer periods of open water in the Chukchi Sea are expected in coming decades (Wang and Overland 2015) , which could increase energetic demands on walruses during summer and autumn. Estimates of the cost of altered behaviors from habitat change will be key to forecasting the status of walruses in a warming Arctic. The population implications of these behaviors might be better understood with more refined measures of the metabolism of walruses during in water activities and resting and with estimates of energy acquisition rates during the year.
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